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Additive manufacturing technologies, in particular laser powder bed fusion (LPBF), have received 
much attention in recent years due to their multiple advantages over traditional manufacturing. Yet, 
the usage of additively manufactured products is still quite limited, mainly due to two factors: the 
low repeatability, which is particularly relevant for applications where high performance is required 
from the materials, and the typically low productivity, particularly relevant for products with a 
substantial production volume. 
The main factor that affects repeatability and compromises the performance of the materials is the 
presence of flaws. Hence, to assess the quality of a product and to predict its performance, it is 
crucial to recognize which flaws are present and ensure their detectability. Moreover, if the flaws 
can be detected during the manufacturing process, corrective actions can be taken. In this thesis, 
internal flaws were deliberately created in LPBF manufactured material to assess their detectability 
via in-situ monitoring. Two main routes of deliberate flaw formation have been identified while 
preserving flaw formation mechanisms; therefore, this thesis is split into two parts, according to 
the approach employed to create flaws. 
Flaws are generated systematically if inadequate process parameters are employed. By varying the 
processing conditions, different types, amounts and sizes of flaws are created. By monitoring the 
manufacturing process with long-exposure near-infrared imaging and applying supervised machine 
learning, it was possible to distinguish process conditions that generate the different flaw categories 
with accuracy, precision and recall of at least 96%. 
Flaws are created stochastically as a result of the redeposition of process by-products on the build 
area. It was found that substantial amounts of flaws can be provoked through this route when 
increasing the nominal layer thickness in the build, thus enabling the validation of the monitoring 
system in their detection. After applying an image analysis algorithm to all the images output from 
in-situ monitoring in three builds, it was possible to identify trends in the spatial distribution of 
spatter redeposits. Ex-situ inspection and material characterization provided cross-check for the 
distribution of flaws. 
The low productivity of LPBF makes it less competitive in applications with moderate to high 
production volumes. This issue is briefly addressed in this thesis. Even though one of the main 
approaches to increase productivity is to tune the main process parameters, dissimilar strategies 
were identified in the literature towards this goal. Thus, parametrization of build rates was done 
and applied to the processing conditions deemed to provide material with acceptable quality, based 
on the quantity and types of flaws present. The material manufactured in these conditions was 
characterized, and it was found that substantially different microstructures can be achieved within 
the process window, depending on the build rate. 
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1.1    Background 
Additive manufacturing (AM) comprises a range of production technologies based on a 
bottom-up approach to product manufacturing. Fabrication is performed layer upon layer, 
opposed to traditional manufacturing methods, also called subtractive, based on material 
removal for shaping material blocks into final parts. 
One of the main advantages of AM in comparison with traditional methods is the increased 
design flexibility that enables the production of geometrically complex structures that would 
not be feasible through traditional manufacturing. The expanded design freedom also entails 
possibilities to reduce the amount of material needed to produce a component while 
maintaining its functions, which is particularly relevant to sectors such as aerospace and 
automotive, where lighter structures translate into less fuel consumption, apart from reduced 
material and cost.  
AM enables the reduction or elimination of support components (for example, molds and 
cutting tools) needed for manufacturing. In some cases, even the need for joining processes 
and complex supply chains is eliminated by producing a component in a reduced number of 
steps. Furthermore, the amount of waste generated in AM is reduced compared to traditional 
methods, not only due to the capability of producing near net shape parts, but also to the 
possibility of on-demand manufacturing that minimizes the number of products going unsold.  
However, for society to enjoy all the benefits this group of technologies can bring, additive 
manufacturing must reach a broader range of industrial segments and apply to a broader range 
of products, still complying with quality requirements. Two of the main issues hindering the 
widespread adoption of AM are the low reliability of AM-manufactured products, a factor 
particularly relevant for components with high added value and stringent requirements, and 
low productivity, particularly relevant for mass-produced components. 
While no manufacturing method can produce flaw-free parts, traditional manufacturing 
methods have reached a maturity level in which the main flaw formation mechanisms are 
understood, appropriate detection procedures have been formulated, mitigation strategies have 
been developed, tested and implemented exhaustively, and lastly, tolerance limits for flaws 
have been established for a given application. In AM, quality control processes must be 
implemented in a similar fashion. As AM technologies are relatively new compared to 
traditional manufacturing methods, some steps towards the implementation of components 





elucidated, but there is much room for development in the detection and mitigation of flaws. 
The layer-by-layer nature of the process represents a potentiality in the mitigation of flaws that 
is not encountered in traditional manufacturing. Once the capability of monitoring systems to 
detect flaws during the manufacturing process can be demonstrated, corrective actions can be 
implemented, taking advantage of the subsequent layer in the manufacturing process to heal 
the flaw.  
Furthermore, full post-manufacturing inspection of geometrically complex AM components 
via non-destructive testing can demand prohibitive amounts of time and resources, or can even 
be impossible due to technical challenges. A well-calibrated and validated in-situ monitoring 
system is expected to be capable of detecting flaws regardless of part geometry and to enable 
the implementation of corrective actions. 
1.2    Aims 
This thesis has been conducted within the framework of the project MANUELA (H2020 Grant 
No. 820774), which aims to develop a metal additive manufacturing pilot line service covering 
the entire AM development cycle, including simulation, robust manufacturing, online process 
control, real-time feedback, characterization, post-processing and AM qualification protocols 
[1]. This thesis addresses quality control through process monitoring focused on the detection 
of internal flaws. This thesis aims to aid overcoming the currently limited reliability in the 
process, particularly in industries with tight requirements on flaws and the lack of repeatability 
in the material properties, which stems from flaws. The vision includes addressing the limited 
capability of right-first-time production by implementing closed-loop control, i.e., automatic 
detection and mitigation of flaws. The issue of low productivity in LBPF manufacturing is also 
addressed briefly. 
1.3    Research questions 
The research questions formulated from the aims of this thesis are: 
• RQ1: Which internal flaw types occur in LPBF manufactured Hastelloy X? 
• RQ2: Can internal flaws be detected through process monitoring? 
• RQ3: Can stochastic flaws be attributed to spatter redeposition on the powder bed? 
• RQ4: Can the productivity of LPBF be increased without compromising quality? 
1.4    Scope and limitations 
The definition of flaws can be broad and include factors such as geometrical deviations and 
surface roughness. The assessment of these factors would branch off this research to the 
appraisal of design aspects, in-depth studies of the thermal history and residual stresses, 
evaluation of additional process parameters, and multiple post-processing routes. As these 
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factors largely widen the scope, this thesis addresses internal flaws only, which include lack of 
fusion, porosity, and cracks. The term flaw is consistently used through this thesis to designate 
a discontinuity in the material, such as lack of fusion and pores. The term defect is avoided as 
it denotes rejectability based on acceptance standards or specifications particular to a product 
or application [2]. 
The material selected for this study is the nickel-based superalloy Hastelloy X. This alloy has 
been selected due to its good printability and relatively simple metallurgy in comparison to 
other superalloys and because avoidance of flaws is fundamental in the usual applications area 
of this alloy. Since Hastelloy X is an alloy containing a single phase and not prone to 
metallurgical cracking, factors extrinsic to the alloy responsible for the formation of flaws can 
be more easily isolated, thereby enhancing the control and detection of deliberately created 
flaws. It should be noted that there are reports in the literature that Hastelloy X can be 
susceptible to cracking in LPBF, but according to the results, experience and practice 
maintained in this thesis study, this is issue has not been identified. 
In this thesis, the focus is given to the characterization and detection of internal flaws in the 
material. Microstructural characterization is performed only for material virtually free from 
flaws. Topics such as design and post-processing, including surface and heat treatment, are not 







2.1    Metal additive manufacturing 
Metal additive manufacturing processes consolidate metallic materials in powder, wire or sheet 
form into dense parts by melting with the aid of an energy source and subsequent solidification 
in a layer by layer manner [3]. Metal AM technologies can be divided into two broad categories, 
directed energy deposition, in which energy is used to fuse materials as they are being 
deposited, and powder bed fusion, in which thermal energy selectively fuses regions of thin 
powder layers spread on the build area [4]. Powder bed processes are distinguished by the 
energy source employed, electron beam or laser [5]. This thesis is dedicated to the study of 
powder bed metal additive manufacturing employing laser as the source of energy, that is, laser 
powder bed fusion (LPBF). 
2.2    Laser powder bed fusion 
Hardware and working principle 
The main steps in laser powder bed fusion manufacturing are [6]: 
(1) creation of a 3D model that describes the part geometry;  
(2) preparation of the build, which includes the positioning of the part on the build 
area, addition of support structures where necessary, and machine setup;  
(3) the manufacturing process, conducted by spreading a thin powder layer on a build 
platform and selectively melting according to the part geometry on that layer; 
lowering the build platform and repeating the process until the part is completed;  
(4) post-processing steps such as cutting the built part from the platform, removal of 
support structures, and heat and surface treatments. 
The hardware utilized in laser powder bed fusion is schematized in Figure 1, including the 
monitoring systems utilized in this thesis, which will be described in detail in Section 7.3  The 
equipment consists of a powder dispenser that is elevated at each layer to provide powder that 
is spread on the build platform by the recoater. Excess powder is carried by the recoater to the 
powder collector. The laser source, often an ytterbium fiber laser in LPBF, is located outside 
the build chamber. The laser beam travels through an optical system, is focused with an F-theta 
lens, and enters the build chamber to expose the regions of the powder bed that correspond to 
the geometrical model in each layer. 
CHAPTER  2 
LASER POWDER BED FUSION 
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Each laser source has a maximum nominal power, but the effective laser power 𝑃 employed 
on exposure is user-defined and is one of the main process parameters. Upon exposure, the 
laser travels at a velocity (or scan speed) 𝑣, to completely scan the area defined by the 3D 
model in that layer according to a pre-defined pattern (hatch pattern), where two neighboring 
tracks are separated by a hatch distance ℎ. One of the most used laser exposure patterns, the 
stripe pattern, is schematized on the insert in Figure 1. Once the layer is completed, the build 
platform is lowered, the powder dispenser is raised, the recoater spreads a new powder layer 
of thickness 𝑡, and the process is repeated. The entire process is conducted in an inert gas 
environment, which is maintained by a gas flow that enters the build chamber through the gas 
inlet. 
Specific regions of the part can be assigned special process parameters. The part boundaries on 
each layer can be scanned by the laser according to pre-defined contour parameters, and regions 
on top of which no further layers will be deposited can be assigned a set of upskin parameters, 
which contribute to a better surface finish. Regions that are not directly supported by previous 
layers or by the build plate are called overhangs and can be exposed by a set of downskin 
parameters. 
Physical principle 
Upon the interaction with the laser, the feedstock powder, typically in the size range 10 – 60 
µm, and the substrate are fused, forming a pool of molten material. Melt pools can have 
different shapes and sizes depending on the acting heat transfer mechanism. In conduction 
fusion, the energy is deposited on the surface of the piece and transferred to its interior by 
conduction [7], resulting in melt pools with semicircular cross-sections (Figure 2A). If electron 
beams or, as is the case for LPBF,  lasers are used as the energy source, high energy densities 
are attainable [7], causing some alloying elements to evaporate. Multiple reflections of the laser 
occur in the vapor cavity, thus enabling higher energy absorption [8] and forming a deeper melt 
pool (Figure 2B). The process is sustained by the competing vapor pressure, which acts to keep 
the keyhole open, and the pressure from gravitational forces and surface tension, which act to 
close the keyhole [9]. The fluid flow in the melt pools is governed by Marangoni convection, 








Figure 1 Schematic laser powder bed fusion hardware with the monitoring systems utilized in this thesis. The 
insert illustrates the top view of a part in manufacturing and schematizes the laser scan vectors following a stripe 
exposure pattern. 
Figure 2 Scheme of fluid flow overlapped to micrographs of melt pools generated in the conduction (A) and 
keyhole (B) regimes. The laser beam and its travel directions are represented in black. In (B), the vapor cavity is 
represented with a white dashed line, based on the observations in [10]. 
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2.3    Productivity 
The low build rates of laser powder bed fusion represent a major obstacle for its broad 
application as an industrial manufacturing technology [11] [12] [13]. The low productivity 
makes the technology more expensive, therefore less competitive in many branches of industry 
[14] and largely limited to high-end applications with low production volumes, for which 
elevated costs are acceptable [15]. In order to address this issue, different strategies have been 
investigated and can be split into two categories: modification of the hardware and modification 
of the process parameters. Approaches based on hardware modification include the 
implementation of multiple laser sources [14], or laser sources of increased power [16] [17], 
that enable instantly processing a large volume of material. This aspect of productivity increase 
is not addressed in this thesis. The modification of process parameters is a readily available 
strategy for the enhancement of productivity [11] [18] and can be used to boost the production 
potential of any LPBF system. However, in this approach, care must be taken to limit the 




3.1   Definition and classification 
According to some authors, the definition of flaws can include geometrical deviations, residual 
stresses and surface roughness [19]. As the study of single tracks is often a precursor in many 
AM topics, discontinuous features they may present, such as balling, have also been 
denominated "flaws" or "defects" in the literature [20] [21]. This work is dedicated to studying 
internal flaws in multilayer builds, which include cracks, lack of fusion, keyhole porosity and 
gas porosity.  
In keyhole fusion, the deep and narrow vapor cavity created allows more efficient use of energy 
due to the multiple reflections of the laser in this cavity [10]. However, if keyhole fusion is not 
controlled, incomplete collapse of the vapor cavity can occur, leaving voids consisting of 
entrapped vapor [22], also denominated keyhole porosity. In the conduction regime, the 
relatively smaller melt pools increase the odds of formation of lack of fusion, which originate 
from the insufficient overlap of neighboring melt pools [23]. Residual gas pores, which are 
spherical and relatively small, are always expected in the as-built material due to the presence 
of entrapped gas in the feedstock powder [24] and solubility drop of gas-forming elements 
present in the feedstock powder upon solidification [25] [26]. 
Flaws can be classified differently, for example, based on their origin: induced by equipment, 
feedstock, design or process [19]. In this thesis, the classification is based on the incidence and 
distribution of flaws, i.e., if they are created systematically or stochastically. This choice is 
made since the primary aim of this work, the use of monitoring systems for flaw detection, is 
dependent on the deliberate creation of flaws in a controlled manner. A similar classification 
system has been utilized in the review article by Snow et al. [25]. The manner by which flaws 
are created affects their distribution, size, and type, requiring distinct approaches for their 
detection and resulting in distinct impacts on the material performance. 
3.2   Systematic flaws   
Flaws are systematically created in LPBF if inadequate combinations of process parameters 
are selected for manufacturing. Systematic flaws can consist of keyhole porosity, gas porosity, 
and lack of fusion, and can occur at diverse degrees of severity, as illustrated in Figure 3. Such 
flaws are uniformly distributed throughout the material. 
CHAPTER 3  




3.3   Stochastic flaws 
Internal flaws can form stochastically in LPBF as a result of, for example, irregularities in the 
spreading of powder, irregularities in the powder packing, and process by-products [25]. 
Differently from systematic flaws, the incidence and distribution of stochastic flaws can, in 
principle, not be anticipated, as their formation is not driven (albeit can be influenced) by user-
defined parameters. The distribution of stochastic flaws is irregular, as illustrated in Figure 4, 
which shows cross-sections of specimens manufactured at invariable processing conditions. In 
this thesis, the focus is given to stochastic flaws induced by process by-products, more 
specifically spatter. 
Figure 3 Cross-sections of samples containing systematic flaws. (A) and (B) show systematic keyhole porosity 
with different degrees of severity. A detailed sample of keyhole porosity is observed in (F). (C) shows a sample 
virtually free from flaws, in which only gas porosity has been identified. A sample of gas porosity is seen in (G). 
(D) and (E) show systematic lack of fusion with different degrees of severity. A detailed sample of lack of 





Spatters are LPBF process by-products whose formation is inherent to the process and have 
been reported as one of the primary sources of stochastic flaws [27] [25]. Spatters can have 
varied formation mechanisms and, as a result, different sizes, morphologies and temperatures 
upon ejection, which affects their detectability. The origins of spatter are schematized in Figure 
5. Spatters consist of (a) ejections of molten material from the melt pool due to recoil pressure 
[28], [29], typically with size of 25 – 100 µm [30]. The ejecta can collide and merge (b), 
resulting in even larger particles [30]. Particles entrained by the low-pressure zone created by 
the vapor jet can interact with the laser beam and be ejected as hot spatters (c) [30] or coalesce 
and be subsequently melted [31], resulting in sizeable incandescent ejecta (d). The suddenly 
unstable interaction between laser and part that arises when the melt pool comes in contact with 
a pre-existing large flaw can also cause the formation of hot spatter (e) [32]. Cold spatters 
consist of particles initially present on the powder bed that are scattered due to the impact of 
metallic vapor (f) [28] or entrained by the low-pressure zone then directly ejected prior to 
interaction with the laser beam (g) [30]. 
As a result of their formation mechanisms, spatters can be much larger than the particles in the 
powder feedstock [33], as illustrated in Figure 6, and contain surface oxides up to several 
micrometers thick [34]. When redeposited on the powder bed, spatters represent a local 
increase of layer thickness and a local change in surface chemistry, which can hinder the 
complete melting of the powder layer [35] and attenuate the laser beam [27], potentially 
resulting in insufficient melting, that is, in internal flaws that are detrimental to mechanical 
properties [36]. 
 
Figure 4 Cross-sections of samples containing stochastic flaws. A higher magnification image of a flaw formed 






Figure 5 Scheme of spatter formation mechanisms. Spatters can consist of ejections from the melt pool (a), 
which can also collide and merge (b). The ejection from the melt pool is intensified if the laser interacts with a 
pre-existing flaw (e). Scattered feedstock powder particles can also be considered spatter and are differentiated 
by being directly scattered (f), scattered after being entrained in the low pressure zone (g), ejected after 
interacting with the laser beam (c), or coalesce with another particle (d). 
Figure 6 Morphology of spatter particles. A representative sample is shown in A. In B, C and D, some of the 
oversized agglomerates in this sample are highlighted and measured. From Paper IV. 
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The presence of flaws is inherent to any manufacturing process and is often considered in the 
design of high-end products [37]. To control the quality of components, as manufactured or in 
operation, it is crucial to determine whether a flaw is present and, if possible, to estimate its 
size and location [38]. For this reason, non-destructive inspection techniques, such as 
radiography and ultrasonic testing, are routinely employed industrially for flaw detection. 
However, as these methods are typically performed ex-situ and post-manufacturing, they 
cannot be used to identify or mitigate a flaw upon its formation. Additive manufacturing 
introduces the possibility to correct flaws during the manufacturing process due to the iterative 
layerwise nature of the processes. This possibility, together with the need for detecting flaws 
and the objective of first-time-right manufacturing, originated the great interest in in-situ 
monitoring and closed-loop control in the additive manufacturing community. The capabilities 
of various detectors and monitoring setups in various applications, including flaw detection, 
have been investigated in the literature. As this area of knowledge is relatively new, a literature 
review will be presented in the next section. 
4.1   Literature review 
Monitoring systems can be distinguished by the spectral range of the signal acquired and by 
the acquisition system employed, which can comprise regions of distinct extensions and 
generate different outputs at varying rates. The selection of acquisition system and spectral 
ranges determine the process phenomena and deviations that are possible to be captured, as 
well as the attainable data processing speed. Thus, different monitoring system setups have 
different best application areas and varying capabilities of being implemented in practice as 
quality assurance tools. 
Optical process monitoring is one of the most common setups for the detection of flaws in 
LPBF. The setup often consists of a camera that acquires signal in the visible spectrum across 
the entire build area in a layerwise fashion, after recoating or after laser exposure. This system 
has been used to identify regions of the powder bed affected by recoating issues, such as 
recoater streaking and incomplete spreading. Machine learning approaches have been 
employed to differentiate powder spreading issues [39] as well to distinguish irregularities from 
the desirable, normal operating conditions [39] [40]. 
Even though internal flaws often originate from issues other than inhomogeneities on the 
powder bed, optical systems have also been widely employed on their detection. In this 
CHAPTER 4  




approach, the in-situ detection is often validated by the ex-situ detection of flaws. Lu et al. [41] 
followed this procedure by segmenting the regions of the powder bed not entirely covered by 
powder after recoating and then correlating the segmented area with the area of internal flaws 
detected through computed tomography (CT) scan. Gobert et al. [42] used images of the 
powder bed captured in varying light schemes together with CT scan data to implement a binary 
classification algorithm in which regions are categorized as a flaw or nominal build conditions. 
Employing a similar experimental setup, Imani et al. [43] tested multiple machine learning 
algorithms to distinguish process conditions utilized in the manufacturing, given an image of a 
part. Caggiano et al. [44] employed a convolutional neural network on powder bed images to 
distinguish low, high and standard energy process conditions.  
Process monitoring based on the acquisition of infrared emissions by means of photodiodes 
has been extensively used for thermal sensing. This detector type is often employed to monitor 
melt pools in LPBF, as it acquires signal from a small surface area at a time [45]. This device 
set to detect wavelengths between 780 nm – 900 nm was employed in the monitoring of melt 
pool intensity [46] and for detection of deformation due to thermal stresses and overheating in 
overhang structures [47], after translation of the time coordinate to spatial coordinates. In a 
similar setup but using a distinct detection bandwidth (1150 nm – 1800 nm), photodiodes were 
used to detect flaws created deliberately through blockage of the gas flow [48], [49]. Using a 
diode with bandwidth 1500 nm – 1700 nm combined with ex-situ radiography of single tracks, 
Forien et al. [50] identified signal deviations that corresponded to keyhole pores.  
Other monitoring systems that collect high-resolution data are based on high-speed cameras 
and acoustic emissions, which, due to the large amount of data generated, are often limited to 
the analysis of single tracks. Machine learning approaches have been applied to classify images 
acquired through high-speed cameras [21] [51] and acoustic signals [52] into categories based 
on the quality of single tracks, such as balling, continuous tracks and keyhole porosity. 
Acoustic emissions could also be applied to determine the quality of a bulk specimen 
containing sections manufactured at different sets of process parameters, yielding systematic 
flaws [53]. 
Cameras can be used to capture signal from the entire build area and, if employed in 
conjunction with high-pass filters, can be used for thermal sensing. However, reliable 
temperature measurements can be obtained through the use of specific devices, such as 
pyrometers, which undergo rigorous and careful calibration prior to being considered a 
temperature measurement device [57]. Yadroitsev et al. [54] employed A CCD camera to 
estimate melt pool temperature throughout the process. A thermographic camera with a spectral 
range of 4800 nm – 5200 nm was employed to identify delamination and spatter [55]. Thermal 
imaging has been successfully employed in the detection of internal flaws in direct energy 
deposition. After extracting geometrical features of thermal images of the top surface of melt 
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pools, Khanzadeh et al. [56] tested multiple models to classify melt pools into normal or 
abnormal, the latter resulting in internal flaws. The existence and location of the predicted 
internal flaws were verified through CT scan.  
4.2   Process monitoring focused on the detection of flaws 
Before monitoring can be used as a quality assurance tool, it is necessary to calibrate the system 
and qualify the detection procedure in order to ensure a fair correspondence between detections 
and flaws of interest. In traditional non-destructive inspection methods, flaws of controlled 
dimensions are created artificially, and the system is calibrated to generate a distinct signal on 
those locations. Since in AM the goal is to detect flaws while the manufacturing process is 
ongoing, the method employed in the deliberate creation of flaws becomes an issue to be 
considered. The intentional creation of internal voids through the inclusion of such features in 
the geometrical model has been reported in the literature [40][58][59][60]. However, this 
approach contains limitations as it does not mimic the process of flaw formation and, by basing 
calibration of the system on those voids, fine features that are usually present in the design of 
AM parts will be incorrectly detected as flaws. Hence, to calibrate the system, the process of 







As the output of one of the monitoring systems employed in this thesis (EOSTATE Exposure 
OT) are images, image analysis methods are employed aiming to identify flaws. A brief and 
simplified overview of these methods is presented in this chapter.  
A digital image is an array of intensity values. As such, mathematical operations performed in 
vectors can be applied to images. In a filtering operation, a dot product is performed between 
the image and a typically small element, also called filter or kernel, thus generating a filtered 
image as an output. As the filter is smaller than the image, the operation is done in a sliding 
window manner until all the pixels in the image have undergone the operation, as schematized 
in Figure 7, in which a sample grayscale image obtained from EOSTATE OT monitoring is 
represented. The pixel values are in the range [0, 1], where high values correspond to bright 
areas, and low values correspond to dark areas. A Gaussian filter of dimension 5 x 5 is 
represented. 
 
CHAPTER 5  
IMAGE ANALYSIS 
Figure 7 Scheme of a filtering operation. A sample output image acquired through the OT monitoring system 
and a 5 x 5 Gaussian filter are represented. 
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Gaussian filtering is one of the most common operations in image analysis. It is frequently 
employed as a preliminary step to reduce noise and enable the identification of features of 
interest only. The Gaussian filter is a discretized version of the Gaussian function and can be 
expressed as: 







The standard deviation σ determines the degree of smoothing and allows for observation of the 
image in different scales (i.e., different levels of detail). The sample monitoring system image 
is visualized in Figure 8 with increasing degrees of blurring, according to the operation 
schematized in Figure 7. 
The gradient at the position (x,y) of an image 𝐼 is: 




Similar to Gaussian blurring, in image analysis, the computation of gradients is performed with 
discrete filters. The derivatives of the sample OT image in x- and y-direction, as well as its 
gradient, both computed and represented in a plot, can be observed in Figure 9. Such operation 
outputs a vector on each pixel of 𝐼, oriented towards the region of higher intensity. The 
magnitude of the gradient represents how sharp the intensity changes are. Thus, computation 
of the gradient is often employed in edge detection, yet another common operation in image 
analysis. 
 
Figure 8 Sample image acquired through the OT monitoring system filtered with a gaussian kernel with distinct 




The second derivative of an image can be computed to identify blobs, which are, in grayscale 
images, regions of distinct intensity in relation to the surrounding areas. One of the most 
common blob detectors is the Laplacian of Gaussian (LoG) operator [61]:  
 ∇2𝐺(𝑥, 𝑦, 𝜎) =







Since the convolution operation is associative, the application of the LoG filter is equivalent to 
a two-step convolution, in which the Gaussian step attenuates noise, while the Laplacian is a 
measure of the second derivative of the smoothed image and highlights regions of rapid 
intensity change. In this operation, the standard deviation determines the size of the features 
identified. A threshold applied to the convolved image determines the sensitivity. This 
operation is performed in this thesis in a detection problem, in which the location of the features 
of interest are the desired output. When applied in a single patch of the original image, the filter 
can be seen as a classifier, as it will classify the patch as either containing the feature or not. 
When applied in a sliding window manner, the classifier can be seen as a detector, as it will 
output the feature locations.  
In neural networks, input data are combined to generate the nodes in the next layer. Each node 
in the next layer is then combined to generate the neurons in the next layer, successively for a 
number of layers, to finally generate an output, as schematized in Figure 10. In the context of 
image analysis, neural networks can be applied for classification problems, in which the outputs 
are pre-defined classes [62]. The combinations of the input data and intermediate layers consist 
of filtering (or convolution) operations, whose output is passed through a non-linear function 
Figure 9 Derivative filters for x- and y-directions applied to a sample OT image. The resulting gradient 
estimative is both computed and represented in a gradient plot. 
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ξ to add discriminative power, as schematized in the insert in Figure 10. One of the most 
commonly used functions is the Rectified Linear Unit (ReLU), 𝜉(𝑥) = max(𝑥, 0). 
At the end of a neural network that performs multi-class classification, probabilities are 
calculated for each pre-defined class through the softmax function, and the class corresponding 
to the highest probability is the predicted class. The weights 𝑤𝑖 in the linear functions are 
parameters that will be learned by the model. In the context of image analysis, these parameters 
determine the filters used by the network to extract features that can best represent and 
distinguish the images from each class. In the first layers, low-level features such as edges and 
corners are extracted. In deeper layers, the extracted features are increasingly abstract [63]. The 
learning process starts with the model initializing values to those parameters and attempting to 
predict the output. As the output has been previously labeled, the model can determine how 
successful the prediction was based on the parameters initially employed and adjust them. In 
short, the adjustment is made by firstly computing the loss function, which is the negative log-
likelihood of the probabilities calculated by the softmax function. The gradient of the loss 
function is computed in a process called backpropagation and is minimized by gradient descent. 
This process is done iteratively in the process of training the network. At each iteration, one 
test example is randomly chosen. Once all the test data have gone through the process, it can 
be repeated for as many epochs as necessary. As the training progresses and the model learns 
parameters in order to minimize the loss function, it is possible that the model overfits to the 
test data. To prevent that, a validation set is used, in which the loss function must continue to 
decrease as the training progresses. 
 
Figure 10 Schematic neural network for a classification problem 
21 
 
Hastelloy X is a nickel-chromium–iron-molybdenum alloy, also referred to as a superalloy due 
to its excellent resistance to chemical and mechanical degradation at high temperatures over 
extended periods of time [64]. Nickel is the base element of most heat-resistant superalloys and 
provides an austenitic structure that has greater formability than ferritic structures of equivalent 
strength. The addition of chromium increases the strength and oxidation resistance at elevated 
temperatures, while iron reduces the susceptibility to internal oxidation [65], provides solid 
solution strengthening and cost reduction. Elements with large atomic radius, such as 
molybdenum and tungsten, contribute to strength at high-temperature creep, as strength is 
diffusion dependent in this temperature range [65]. Contrarily to other nickel-based 
superalloys, Hastelloy X is not enriched with titanium and niobium, which form the 
strengthening phases gamma prime and gamma double prime. On the other hand, carbide 
formation occurs, primarily upon heat treatment or service in high temperatures, improving the 
creep properties due to the preferred location at grain boundaries [64]. As a result, the primary 
strengthening mechanism in Hastelloy X is solid solution strengthening of the face-centered 
cubic (FCC) matrix, with a minor influence of carbide precipitation [66]. 
Hastelloy X is used in petrochemical applications due to its high resistance to stress-corrosion 
cracking, in components in the combustion zone of gas turbine engines due to its outstanding 
combination of oxidation resistance and high-temperature strength, and in industrial furnace 
applications due to its resistance to oxidizing, reducing and neutral atmospheres [67]. 
Considering the stringent quality requirements of these areas of application, the capability of 
manufacturing virtually flaw-free Hastelloy X is crucial. For LPBF manufacturing, this 
capability relies on the implementation of monitoring systems, which justifies this study and 
material selection. 
The microstructure of LPBF manufactured Hastelloy X can be visualized in Figure 11 and 
consists of the typical hierarchical microstructure of as-printed LPBF material [68]. The 
temperature gradient promotes the formation of elongated grains that grow epitaxially in the 
build direction, visible in Figure 11A across melt pool boundaries. Within the grains, cellular 
microstructure, which consists of high-density dislocation walls [69], is observed (Figure 11C).  
Matrix-strengthened nickel-base alloy Hastelloy X is considered to have good weldability [67], 
which means it is not particularly susceptible to metallurgical cracks. The AM community, 
however, is not unanimous regarding the formation of cracks during LPBF manufacturing of 
Hastelloy X. This issue has been reported and addressed in numerous studies, for example [70] 





is presumably due to minor compositional changes, which are known to influence the 
susceptibility to cracking [77]. Other factors, such as the grain structure in the fusion zone, can 
affect the susceptibility to cracking [26]. Throughout the work performed in this thesis, a large 
portion of the process parameter space was investigated, thereby huge variations in the 
microstructure were obtained. However, no cracks were observed in any condition, indicating 
that the specific chemical composition of the feedstock powder used in this study is robust to 
cracking mechanisms. As no cracks were observed, the internal flaws addressed in this thesis 
are limited to lack of fusion and pores. 
 
  
Figure 11 Hierarchical microstructure of as-built Hastelloy X. (A) In the microstructure observed at relatively 
low magnification through light optical microscopy, grains elongated on the build direction and melt pool 
boundaries are visible. (B) Through SEM imaging, the cellular microstructure is visible within grains. The well-
defined lines are melt pool boundaries. (C) Detail on cell structure. From Paper III. 
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7.1   Material 
All the work performed in this thesis used EOS NickelAlloy HX as feedstock material, which 
consists of gas atomized Hastelloy X powder with particle sizes ranging from 19 µm (d10) and 
58 µm (d90), having d50 of 35 µm. A sample of the virgin feedstock powder can be seen in 
Figure 12. The nominal chemical composition, as provided by the manufacturer, is presented 
in Table 1. 
 Ni Cr Fe Mo W Co C Si Mn S P B Se Cu Al Ti 
Min 
Bal 
20.5 17.0 8.0 0.2 0.5 -- -- -- -- -- -- -- -- -- -- 
Max 23.0 20.0 10.0 1.0 2.5 0.1 1.0 1.0 0.03 0.04 0.01 0.005 0.5 0.5 0.15 
 
 
7.2   LPBF system and the manufacturing process 
All manufacturing was performed in an EOS M290 machine (Electro Optical Systems GmbH, 
Germany), equipped with an ytterbium fiber laser of maximum nominal power of 400 W and 
focused beam diameter of 100 μm. Processing was done in argon atmosphere with oxygen 
CHAPTER 7 
EXPERIMENTAL PROCEDURES 
Table 1 Nominal composition of the feedstock powder. Minimum and maximum weight percentages of each 
element are presented.  
Figure 12 Sample Hastelloy X feedstock powder. 
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concentration less than 0.10%. As this work is dedicated to studying internal flaws, it does not 
consider surface roughness and flaws open to the surface, as well as their mitigation though, 
e.g., appropriate selection of contour parameters. Additionally, relatively simple specimen 
geometries were employed to avoid the incorporation of flaws driven by factors such as design 
and parameters assigned to special areas (downskin and upskin). In order to eliminate the action 
of factors other than the study subjects, the general processing conditions were maintained 
constant as per the machine manufacturer's recommendations, unless explicitly stated 
otherwise. Examples of such factors are the atmosphere, the differential pressure in the 
chamber, the preheating temperature of the build plate and the scan strategy. 
In the studies where systematic flaws were investigated, some precautions were taken to avoid 
the formation of stochastic flaws. The specimen dimensions were reduced to avoid redeposition 
of spatter generated during exposure of the upstream region of the specimen on the downstream 
region. The specimens were positioned with a minimum separation of 40 mm and avoiding the 
region of the build plate closest to the gas outlet to prevent redeposition of process by-products 
on the laser-exposed area. In order to mitigate incomplete spreading of the powder layer, the 
powder dosing was boosted. To avoid recoating-driven flaws, geometrically complex features 
were not included in the design.  
Conversely, when studying stochastic flaws, the source of systematic flaws was eliminated, 
i.e., the process parameters employed are optimized and had been demonstrated to yield only 
residual porosity as flaws in the as-printed condition. Still, to isolate the influence of process 
by-products on the formation of stochastic flaws, the same precautions were taken to eliminate 
other possible sources of stochastic flaws. 
7.3   Monitoring systems 
The manufacturing process was monitored utilizing the EOSTATE suite [78], which consists 
of three monitoring systems. EOSTATE PowderBed is an optical monitoring system that 
includes the entire powder bed in the field of view of the camera and outputs two images of the 
powder bed per layer, one after recoating and one after exposure. EOSTATE Exposure OT 
system consists of a 5-megapixel sCMOS (scientific complementary metal-oxide-
semiconductor) camera positioned on top of the build chamber and covers the entire build 
platform area in its field of view. A bandpass filter of 900 nm ± 12.5 nm is placed on the camera 
to filter detection of reflected laser, plasma radiation and visible light, regarded as 
environmental noise. During the processing of a layer, images are acquired sequentially, with 
the shutter time of the camera set to 0.1 second.  These images are combined in two distinct 
manners to output a single image per layer: each pixel in the output image either represents the 
maximum pixel intensity or the integrated pixel intensity the exposure of the layer. The 
resolution is 125 µm per pixel. EOSTATE MeltPool monitoring consists of two photodiodes, 
one mounted on-axis and one mounted off-axis. The photodiode mounted on-axis, that is, 
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coaxially with the laser beam, has a bandwidth inserted in the visible and near-infrared spectra, 
while the photodiode mounted off-axis has a narrower bandwidth that only includes a fraction 
of the near-infrared spectrum. The signals are initially acquired in the time domain at 60 kHz 
but are also translated to spatial coordinates, allowing enhanced data visualization. Sample 
outputs of all three systems are shown in Figure 13. In this thesis, only EOSTATE Exposure 
OT and EOSTATE MeltPool were utilized. 
 
7.4   Analytical techniques 
Metallography 
All specimens prepared for metallographic analysis were sectioned in the same fashion: parallel 
to the build direction and transversally to the topmost scanning tracks. Specimen preparation 
was conducted by standard metallographic procedures, namely plane grinding with 320-grit 
Figure 13 Sample outputs of EOSTATE monitoring systems. (A) Powder bed monitoring after laser exposure. 
(B) Image acquired through Exposure OT. (C) The output of melt pool monitoring consists of temporal signal 
intensity (upper left panel) but can be translated to spatial coordinates (right panel). Application of signal 




sandpaper, followed by fine grinding with 9 µm diamond suspension on a Struers MD-Largo 
surface and finally colloidal silica polishing. Electrolytic etching was performed in a solution 
of 5 g oxalic acid mixed with 95 ml reagent grade HCl at 6 V.   
Specimens in which quantification and measurement of internal flaws were conducted had a 
relatively large cross-section of 10 mm x 20 mm, approximately. Each of those cross-sections 
was fully imaged in the unetched condition using the stitching tool in Zeiss Axioscope 7 light 
optical microscope at 50x magnification, yielding detectable features down to 0.88 µm, the size 
of a pixel. The resulting images were processed by an image analysis algorithm that returns the 
properties of each contiguous region in the binarized image. Among the quantities measured 
are the flaw length, also referred to as flaw size, as well as area fraction of flaws, referred to as 
volume fraction of flaws, assuming that the area is representative of the bulk. 
The flaw size distribution is typically a right-skewed distribution, with a high quantity of small 
flaws and a low number of larger flaws, as illustrated in the histogram in Figure 14. Since larger 
flaws are more detrimental to mechanical properties [37] [79], a representation of flaw size 
distribution that highlights larger flaws is preferred and achieved in the form of curves 
representing the cumulative flaw content against flaw size. In this graphical representation, the 
total volume fraction of flaws (100 – relative density, in %) can also be clearly visualized. 
 
 
Scanning electron microscopy 
In scanning electron microscopy (SEM), a focused electron beam is used to scan the surface 
and near-surface of the specimens under analysis. The interaction between the electron beam 
and the material under observation generates different signals, among which secondary 
electrons and backscattered electrons, used for imaging, and X-rays, used for chemical 
analysis. 
The SEM work done in this thesis employed a field emission gun scanning electron microscope 
(FEG-SEM) Leo Gemini 1550. SEM was used for microstructural characterization of the as-
printed Hastelloy X, analysis of fracture surfaces, and characterization of powder and spatters 
Figure 14: Alternative representations of flaw size distribution. 
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in terms of morphology and surface morphology. The latter experimental work was conducted 
by Ahmad Raza.  
Electron backscatter diffraction (EBSD) is a technique integrated into SEM systems that 
provides data on the crystallography of materials, for example, grain size, shape and 
orientation, and allows the identification of phases and texture. The EBSD analysis was 
conducted by Dr. Fiona Schulz. 
Ultrasonic inspection 
Ultrasonic inspection is a mature technology widely used in industry to detect flaws. In this 
thesis, its output was compared to the overall distribution of internal flaws detected through 
the monitoring system. 
The ultrasonic inspection was performed in the form of a linear scan transversally to the build 
direction, with a 64-elements linear phased array longitudinal-wave-probe (Zetec LM-5MHz), 
fixed at a single position on each specimen analyzed. The ultrasonic waves were emitted from 
an aperture of 16 elements of the probe and propagated into the specimen with a 0-degree 
refraction angle. Proper delay laws were applied to realize the beam focusing at one scan 
position. In order to cover the entire region of each build, the aperture travels along the whole 
array with a step of 1 element. The ultrasonic inspection data were collected and recorded under 
a sampling frequency of 100 MHz by a corresponding data acquisition hardware unit labeled 
TOPAZ64 from Zetec and then post-possessed using UltraVision software. The longitudinal 
wave speed in Hastelloy X is about 5700 m/s. Using the phased array probe with center 
frequency of 5 MHz, the wavelength in this material is about 1.1 mm, which allows for the 
detection of flaws larger than 500 µm [22]. The ultrasonic testing was conducted by Xiangyu 
Lei. 
X-ray photoelectron spectroscopy 
X-ray photoelectron spectroscopy (XPS) is a surface analysis technique that has been utilized 
in this thesis to identify the chemical state of the elements present on the surface of powder and 
spatter particles. Powder samples were mounted on 3M carbon tape and analyzed using a PHI 
VersaProbe III Scanning XPS microprobe (Physical Electronics, Inc.). To estimate oxide layer 
thickness on the surface of the samples, argon ion etching was done with etch rate of 5.2 
nm/min, calibrated using TaO2 foil. The etch rate was assumed to depict the rate of etching of 
transition metal oxides [80], and a method specifically developed for XPS depth-profiling of 
powdered samples was employed [81]. The survey spectra and high-resolution narrow scans 
were acquired using pass energies of 280 eV and 26 eV, respectively. The XPS analysis was 





Signal processing and image analysis 
The signal acquired through melt pool monitoring (EOSTATE MPM) was processed according 
to two distinct algorithms. The signal intensity characteristics were calculated as the moving 
average in windows comprising 600 data points, while the signal dynamic characteristics were 
computed as the raw signal minus the moving average to highlight dynamic process changes.  
Image analysis methods are employed in the output of EOSTATE Exposure OT. All data 
handling and image analysis is performed in a Matlab R2019b environment. One of the 
problems that can be handled through image analysis is classification, in which a classifier 
takes an input image and outputs an appropriate label. In the study of systematic flaws, a 
convolutional neural network was used to classify images acquired through in-situ monitoring 
into three categories of internal flaws, whose presence was verified ex-situ through 
metallographic analysis. In this approach, a significant number of labeled examples is provided 
to a model that learns the optimized parameters to output the correct label. The labeled 
examples are partitioned into three sets: the training set, used to fit the parameters in the 
network; the validation set, which provides an evaluation of the model during the training 
process and prevents overfitting; and the test set, set apart in previous stages for the evaluation 
of the final model. 
In the study of stochastic flaws, image analysis was framed as a detection problem. The 
redeposited spatters manifest as bright blobs on a darker background, and their detection can 
be treated accordingly. For that, a Laplacian of Gaussian (LoG) filter is utilized. The standard 
deviation σ is selected so the filtered image converges to local extrema upon detection of a 
spatter redeposit. Due to the homogeneous size of the features (~100 µm) in relation to the 
camera resolution (~ 125 µm), detections were performed at a single scale. After filtering, non-
minimum suppression, a filtering technique that returns true to the pixel that has a strictly lower 




This chapter summarizes the results of the appended papers. Papers I, II and III address 
systematic flaws. In Paper I, the flaw populations and melt pool geometries were mapped in 
the process parameter space. The capabilities of the melt pool monitoring system of predicting 
melt pool geometry, melt pool dynamics, and internal flaws were then evaluated. In Paper II, 
the data collected ex-situ in Paper I were used to classify the images acquired through the OT 
monitoring system into the predominant flaw type encountered in the specimens. In Paper III, 
the virtually flaw-free region of the process parameter space identified in Paper I was studied 
in detail to assess the variation of microstructure and properties in a productivity-focused 
perspective. Finally, Paper IV addresses the formation and detection of stochastic flaws caused 
by the deposition of spatters on the powder bed. 
8.1   Systematic flaws  
In Paper I, a full factorial design of experiments was employed on the manufacturing of 
Hastelloy X specimens, with factor levels selected to comprise a vast portion of the process 
parameter space. In-situ monitoring of the melt pool was performed throughout the entire 
manufacturing process. Ex-situ measurement of the melt pool widths and depths and analysis 
of the internal flaws were conducted at each experimental point. The volume fraction of flaws 
at each experimental point can be seen in Table 2, in which the transition between keyhole and 
conduction is represented with a dashed line. 
 
   Laser scan speed (mm/s) 







20 0.39 0.01 0.31 1.41 5.48 7.97 11.6 14.2 
40 0.14 0.76 0.78 5.95 14.3 19.4 27.3 32.1 







20 4.47 2.55 0.03 0.01 <0.01 0.19 0.63 1.27 
40 5.12 2.77 0.02 0.01 0.09 0.44 1.67 4.51 







20 N/A 2.34 0.44 <0.01 <0.01 0.02 0.10 0.14 
40 3.31 3.50 0.30 <0.01 0.01 0.04 0.12 0.26 
80 4.50 3.19 0.35 0.01 0.03 0.06 0.39 2.53 
CHAPTER 8 
SUMMARY OF RESULTS 
Table 2 Volume fraction of flaws (%) across the process parameter space. Laser power, scan speed and layer 
thickness are varied systematically. The dashed lines indicate the location of transition between keyhole and 
conduction fusion. "N/A" indicates manufacturing could not be completed due to extreme processing conditions. 
The highlighted cells correspond to process conditions considered desirable. From Papers I / III. 
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Melt pool geometry, signal and internal flaws were analyzed, varying one parameter at a time 
and separately for keyhole (Figure 15) and conduction regimes (Figure 16). In the examples 
illustrated in these figures, the laser power is the only process parameter altered. This factor-
by-factor analysis revealed that the signals acquired through melt pool monitoring have 
intensities proportional to average melt pool dimensions and present more important dynamic 
characteristics following process conditions that increase the generation of spatter, that is, 
increase in the energy input. Higher scatter in melt pool dimensions is consistently observed in 
specimens containing higher volume fraction of flaws. The more significant variation in melt 
pool dimensions is attributed to an increasingly irregular substrate where the melt pools will 
be deposited, due to the presence of larger and more abundant internal flaws. However, the 
scatter in melt pool dimensions or the deliberately created internal systematic flaws could not 
be detected by melt pool monitoring.  
Hence, the capability of the OT Exposure system to detect systematic internal flaws was studied 
in Paper II. The images output from the monitoring system were used in a supervised machine 
learning algorithm, in which the data is labeled according to the predominant flaw types 
identified in each specimen. 
The layerwise acquired images were divided into regions of constant size centered in each 
specimen and including data from a single specimen in each patch. All patches corresponding 
to the same specimen received the same label, as the flaws are generated systematically due to 
the selection of process parameters, and each layer is assumed to be representative of the 
resulting flaw distribution. The labeled images form a database used for training, validating 
and testing a neural network.  
A fully convolutional neural network was designed to classify images per the main flaw type 
identified through metallographic analysis. This type of network was selected because it can 
process inputs of any dimensions, despite the training being performed on images of fixed size, 
as is the case since the manufactured specimens are geometrically identical. The network layers 
were designed to handle 81x81 inputs and reduce their dimensions gradually through 
convolution and max-pooling operations, followed by a final convolutional layer that results in 
an output of dimensions 1x1x3. This layer is then used as an input to the softmax layer, which 
calculates the probabilities for each possible class. Finally, a classification layer is used to 
output a predicted class, "keyhole porosity", "lack of fusion" or "residual porosity".  
The validation accuracy of the network is 97.99%. In order to estimate the performance of the 
network in practice, it was applied to the test set, which consists of 1,122 images previously 
set apart for this purpose. The performance is described by the confusion matrix presented in 
Figure 17, which shows the overall accuracy in the test set (97.8%), as well as precision, false 




Figure 15 Influence of laser power on melt pool signal characteristics, melt pool dimensions and flaw 
populations in the keyhole regime. (A) Raw signal in temporal x-coordinate. (B) Signal smoothed and translated 
to spatial coordinates. (C) Signal processed to highlight regions of high melt pool dynamics. (D) Microstructure 
of specimens manufactured with laser power 100 W, 200 W and 300 W, and otherwise identical parameters. 
The volume fraction of flaws is indicated. Influence of laser power on melt pool depths (E), widths (F). Adapted 






Figure 16 Influence of laser power on melt pool signal characteristics, melt pool dimensions and flaw 
populations in the conduction regime. (A) Raw signal in temporal x-coordinate. (B) Signal smoothed and 
translated to spatial coordinates. (C) Signal processed to highlight regions of high melt pool dynamics. (D) 
Microstructure of specimens manufactured with laser power 100 W, 200 W and 300 W, and otherwise identical 
parameters. The volume fraction of flaws is indicated. Influence of laser power on melt pool depths (E), widths 




With that, the amount, type and size of process parameter-driven flaws were characterized for 
Hastelloy X, and their detectability was ensured. As follows, multiple processing conditions 
that result in virtually flaw-free material were identified (highlighted in Table 2). These are 
considered the "desirable" process conditions, as flaw avoidance is achieved through their 
employment. However, within the range of desirable processing conditions, variability in 
microstructure, possible properties and achievable build rates are expected. These factors are 
investigated in Paper III, from a productivity perspective. 
Considering the absence of a unified approach for the increase of the build rates based on 
process parameters, the first goal of Paper III was to obtain a simplified parametrization of 
the build rate. For that, it was assumed that the build time is mainly governed by exposure of 
the bulk region and that the infill parameters and transition time between layers are invariable 






Figure 17 Confusion matrix showing the performance of the network in classifying the 1,122 images in the test 
set. From Paper II. 
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Where 𝑣 is the laser scan speed, ℎ is the hatch spacing, 𝑡 is the layer thickness, ∆𝜏𝑡𝑟 is the time 
interval for the transition between layers, and 𝑅 is the average utilization of the build area, 
which can also be expressed as the ratio between build volume and build height.  
Plugging the processing conditions highlighted in Table 2 into Equation (4), the build rates 
attainable when still producing virtually flaw-free material were obtained. The results are 
visualized in Figure 18. 
 
To determine whether an increase in productivity can be achieved without compromising 
quality, the microstructures of those specimens were analyzed. As multiple process parameters 
were varied to increase productivity, some microstructural features are expected to vary within 
the defined process window. The EBSD orientation maps obtained from the specimen produced 
with the lowest and highest build rates, as well as the influence of each process parameter in 
the microstructure, are illustrated in Figure 19. 
The material produced with the highest productivity (Figure 19b) presents the most random 
grain orientation and pockets of fine grains at the bottom of the melt pools. Any parametrical 
change that results in the increase of the energy input to the material promotes grain growth 
and a stronger 101 orientation of the larger grains.  The decrease in layer thickness yields the 
most significant difference in terms of grain orientation and morphology, as the grains become 
substantially larger, presenting pronounced elongation in the build direction and strong 101 
orientation (Figure 19d).  
Figure 18  Build rates (cm3/h) for the sets of process parameters in the process window. The average utilization 
of the build area is assumed 200 cm2 in (A). (B) Build rate as a function of the build area utilization for the sets 
of parameters that enable highest and lowest productivities. The build rate ratio between these sets of parameters 




8.2   Stochastic flaws 
Spatters can generate internal flaws after landing on the regions of the powder bed to be 
exposed by the laser beam. Due to the stochastic nature of spatter-induced flaws, in-situ 
detection of spatter redeposits is paramount, both in a research perspective, for further 
understanding of spatter behavior, and in a production perspective, for monitoring deviations 
that indicate flaw formation. In Paper IV, three LPBF builds in Hastelloy X were performed 
with parameters optimized to yield nominally fully dense materials at three distinct layer 
thicknesses 80 µm, 120 µm and 150 µm. The entire build processes were monitored by EOS 
OT Exposure, which consists of near-infrared long-exposure imaging and outputs an image per 
layer. Analysis of these images allowed detection of redeposited spatters, i.e., quantification 
and determination of their spatial distribution. It was found that the nominal layer thickness 
employed in the build process plays a major role in the prevalence and distribution of 
redeposited spatters. Spatters were verified to redeposit preferentially in the adjacencies of the 
gas outlet; however, as the layer thickness increases, a larger number of redeposited spatters 
were detected and across a larger portion of the build area, as illustrated in Figure 20. This 
result represents a major limitation on the increase of LPBF productivity. 
Figure 19 EBSD orientation maps in IPF coloring for material manufactured with a) lowest productivity 
(specimen #1 – P=100 W, v=400 mm/s, t=0.02 mm), b) highest productivity (specimen #2 - P=300 W, 
v=1000 mm/s, t=0.08 mm), c) decreased laser scan speed (specimen #3 - P=300 W, v=800 mm/s, t=0.08 mm), 
d) decreased layer thickness (specimen #4 - P=300 W, v=1000 mm/s, t=0.02 mm), and e) lowered laser power 




The spatter particles collected from the three builds were covered with chromium- and 
titanium-rich oxide layer of average thickness 76 nm and presented bimodal size distribution 
with maxima located around 30 µm and 90 µm. No significant differences were observed 
among spatters stemming from the different builds, which indicated that the striking increase 
in detections in Figure 20 is mainly due to increased spatter generation with increased layer 
thickness. 
To determine the correlation between detected redeposited spatter and internal flaws, 
destructive and non-destructive testing were utilized. Both analyses revealed that specimens 
with a low prevalence of spatter redeposits contain no major internal flaws, and that regions 
with substantial amounts of detections via in-situ monitoring present lack of fusion, as 
illustrated in Figure 21. 
Figure 20 Incidence of redeposited spatters in builds with varying layer thicknesses. Sample detections on builds 
with layer thickness 80 µm (A), 120 µm (B) and 150 µm (C). The number of detections per layer versus build 




Imaging of the cross-section of specimens revealed rounded particles with dendritic structure 
and often with diameters significantly larger than the feedstock powder in the adjacencies of 
lack of fusion (Figure 22A), which is evidence that spatter is involved in the formation of these 
flaws. To confirm that the particles are spatter, analysis of the fracture surface was performed 
(Figure 22B). The particles located near lack of fusion sites presented the same oxidation state 
as the spatter analyzed separately, confirming the influence of spatter on the formation of lack 
of fusion. 
 
Figure 21 Correspondence between detections of spatter redeposits and internal flaws. Considering the build 
layout (A), a low number of spatter redeposits are detected in specimens manufactured in the proximity of the 
gas inlet (B). Metallographic analysis of these specimens reveals no major internal flaws (C). Detections of 
spatter redeposits can be abundant in specimens manufactured in the proximity of the gas outlet (D), and these 
specimens present large internal flaws (E). Adapted from Paper IV. 
Figure 22 Cross-section of a lack of fusion region (A). Fractography micrograph in lack of fusion of zone (B) 






This thesis has addressed the classification and detection of internal flaws in LPBF 
manufactured Hastelloy X, as well as their correlation with melt pool characteristics through 
the application of in-situ monitoring and ex-situ material characterization. The deliberate 
creation of flaws was performed according to two distinct approaches that preserve the 
mechanisms of flaw formation in realistic manufacturing settings. Flaws were created 
systematically in an extensive process mapping, and stochastically by boosting the amount of 
process by-products, while the entire build processes were monitored by two systems. The 
signal acquired through the monitoring systems was processed to identify deviations that could 
be coupled to flaws and to melt pool features characterized ex-situ. The process mapping also 
set the basis for process-optimized productivity increase without conflicting manufacturing 
quality. 
Knowing that flaws can be created throughout the material by modifying process parameters, 
a comprehensive design of experiments was performed with the factors laser power, scan speed 
and layer thickness, resulting in 72 processing conditions. The flaws in each of these conditions 
were analyzed qualitatively to classify each processing condition as a generator of a main flaw 
type, and quantitatively to assess the extension and size of these flaws. This characterization 
work could then be used not only to identify desirable processing conditions but also to 
establish ground-truth data for evaluation of the inferences performed through analysis of the 
monitoring systems outputs (RQ1). 
Hence, desirable process conditions based on the incidence of flaws are mapped throughout 
the process parameter space. After parametrization of the LPBF build rate based on key process 
parameters and utilization of the build area, it was possible to verify ranges of build rates 
attainable while avoiding flaws, and to determine strategies for minimization of the total build 
time. To further determine variability within the preliminarily defined process window, EBSD 
analysis was performed, revealing striking differences in grain structures. The specimen 
produced at the lowest build rate showed strong texture and elongated grains along the build 
direction, while the specimen manufactured at the highest build rate presented random grain 
orientation and evident melt pool contours with fine grains at the bottom. As productivity 
increase between these extremes was achieved through the modification of multiple process 
parameters, the influence of the individual parameters was investigated further.  It was 
observed that pronounced 101 orientation is consistently obtained when higher energy is 
input to the material, as larger regions are then remelted, and the competitive growth in this 





From monitoring the melt pool by means of a photodiode with bandwidth 450 nm – 850 nm 
mounted on-axis, it was observed that the signal intensity characteristics are proportional to the 
melt pool dimensions and that the signal dynamics characteristics relate to processing 
conditions known to generate spatter.  Hence, even though no correlations between melt pool 
signal characteristics and content of internal flaws generated systematically were identified, 
this monitoring system can be employed to detect instabilities that can generate spatters and 
thereby stochastic flaws elsewhere in the build area (RQ2). 
Still in the investigation of detectability of systematic flaws by means of monitoring systems, 
it was demonstrated that a fully convolutional neural network trained on near-infrared long-
exposure images is capable of classifying individual layers of specimens per predominant flaw 
type in the categories keyhole porosity, lack of fusion, and residual porosity with high accuracy, 
precision and recall, when considering systematic process parameter-induced flaws. Hence, 
internal flaws can be detected, categorized and assessed online (RQ1, RQ2). 
Upon investigation of detectability of stochastic flaws, it was found that a spatter detector 
applied on near-infrared long-exposure imaging is capable of identifying regions with high 
incidence of lack of fusion. Additionally, the spatial distribution of spatter redeposits on the 
powder bed was elucidated. Differently from systematic flaws, the internal flaws observed in 
the study of stochastic flaws were not uniformly distributed throughout the material, instead 
followed a similar pattern as the spatter redeposits detected through the monitoring system. 
Spherical particles with dendritic structure were observed on specimen cross-sections near lack 
of fusion. Analysis of the fracture surface revealed particles with size, surface morphology and 
state of oxidation characteristic of spatter on the adjacencies of lack of fusion. These 
observations suggest that stochastic lack of fusion can be attributed to spatter redeposited on 





Even though it was demonstrated that regions where spatters redeposit are rich in lack of fusion 
flaws, a one-to-one correspondence between detections and flaws is not yet established. It is 
still unclear whether all spatter redeposits induce flaws and, if not, which conditions are met 
when they do. It is also essential to evaluate whether these conditions can be discriminated by 
analyzing the monitoring system data so that only flaw-generating spatters are flagged in 
closed-loop control. Furthermore, even if a spatter redeposit at first generates a flaw, it is 
possible, due to the additive nature of the manufacturing process, to re-process the flaw region 
and eliminate the flaw. The healing effect can occur unintentionally as a result of the deposition 
of the subsequent build layers or can be induced by tailoring the melting conditions. These 
aspects of spatter redeposition will be studied in future work. Furthermore, the evaluation of 
the effect of internal flaws on the mechanical properties is planned, as well as the effectiveness 
of different strategies of flaw mitigation, which must be addressed prior to the implementation 
of closed-loop control. Finally, thus far, only Hastelloy X has been studied. The generalization 
of the work presented in this thesis to other alloy systems and in detecting other flaws generated 
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